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Abstract – Today, it is almost impossible to implement 
teaching processes without using information and 
communication technologies (ICT), especially in higher 
education. Education institutions often use learning 
management systems (LMS), such as Moodle, Edmodo, 
Canvas, Schoology, Blackboard Learn, and others. When 
accessing these systems with their personal account, each 
student’s activity is recorded in a log file. Besides analyzing 
the raw data from log files directly, there is an option to use 
Moodle plugins that provide learning analytics and enable 
the faster analysis of students’ behavior on LMS. In this 
paper, some of these plugins are presented. However, this 
paper is focused on analyzing the log files of a course 
implemented on the LMS Moodle at the Faculty of 
Organization and Informatics at the University of Zagreb. 
The results of the students’ behavior, based on logs in 
Moodle, will be interpreted in terms of student success. 
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I. INTRODUCTION 
 With the development and expanding availability of 
the Internet, different systems for electronic learning (e-
learning) have also been developed, implemented, and 
used. At first, those systems, also called learning 
management systems (LMS), were very simple—they 
were basically just web pages listing the main information 
about study programs, courses, teachers, and contact 
methods. A few years later, however, more serious LMS 
began to be developed [1]. Developing LMS became an 
area of scientific research: in 2003, more than 40 academic 
journals were specializing in related topics [2]. LMS 
enabled the creation of personal profiles for students, the 
sharing of teaching materials, and most important, online 
communication among students and with teachers. LMS 
were mainly used to support face-to-face teaching [3]. 
Today, besides being a support for face-to-face 
teaching, LMS aid in the teaching of fully online courses 
and, even more extensive, fully online study programs [4]. 
In most cases, online teaching is related to the area of the 
higher education. Students can become masters in specific 
fields without leaving their home or physically visiting an 
educational institution. The whole teaching process, from 
enrolling in a study program, to attending classes, to 
teaching classes, to taking examinations, is done entirely 
online. In addition, some new phenomena in teaching 
activities have been developed as a result of LMS and 
online learning trends, such as Massive Online Open 
Courses (MOOCs) or Open Educational Resources (OER) 
[5]. Even though contemporary trends lean toward leaving 
the physical classroom entirely, in some scientific areas, 
that is not possible. However, very creative ways of e-
learning are still being developed for such situations. They 
include combining LMS with web 2.0 tools [6] and even 
changing the teaching paradigm. One such example is a 
flipped classroom: students are taught theory at home and 
come to the classroom to work on projects with teachers 
and other students, and they then apply the theory they 
learned to solve problems [7]. The concept of the flipped 
classroom is opposite to that of the usual teaching process, 
where the basics are learned in the classroom and practical 
assignments are left as homework. 
In Croatia, many higher education institutions use 
LMS to support teaching process. The most used LMS in 
Croatia, and specifically at the University of Zagreb, is 
Moodle (which is available as Merlin to all higher 
education institutions in Croatia, [8]). Depending on the 
number and intensity of the online activities that are 
supported by Moodle and used in practice, courses at the 
University of Zagreb can be categorized into one of three 
levels related to the application of e-learning in education 
[9], [10]. The highest level, Level 3, requires that all 
teaching materials be available online; the organization of 
the teaching process enables individualization within the 
process; and students assume an active role in terms of 
achieving outcomes and and other requirements. At this 
level, the teaching process can be conducted entirely 
online or be implemented as blended learning. Based on 
the document “Criteria for the Evaluation of Online Study 
Programs,” prepared by the National Council for Higher 
Education in 2013, an online study program is a program 
in which a minimum of 50 percent of the courses are done 
online, and a course is considered to be an online course 
when a minimum of 50 percent of the teaching hours are 
done online [11]. 
Even though Level 3 represents very advanced e-
courses in terms of e-learning, there are additional 
opportunities for increasing the application of e-learning 
in education. Current trends in Croatia have led to the 
implementation of a concept called learning analytics (LA) 
[12], [13]. When accessing an LMS with their personal 
account, students create a digital profile that is saved in 
LMS log files. The main idea of LA is to analyze the raw 
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data in log files and generate new knowledge (often 
through dashboards [14]) about students’ behavior. This 
knowledge can then be connected to students’ success in 
order to generate ideas for new activities that will decrease 
the negative effects of student behavior on student success 
and increase the positive effects of student behavior on 
student success. For example, if an analysis showed that 
the students who accessed teaching materials only one day 
before the test (student behavior) had unsatisfactory test 
results (student success), it is necessary to create activities 
that will influence them to access teaching materials 
earlier. However, LA is about even more than this; the goal 
is to analyze all the data retrieved through any system (e.g., 
LMS systems, library systems, e-portfolio systems, or 
student services systems), find connections between 
variables in log files, and make modifications to improve 
the teaching process (e.g., increasing the quality of lessons, 
increasing student satisfaction, and decreasing the dropout 
rate) [15]. 
In this paper, we are focused on the LMS Moodle. In 
Section 2, we will describe the LMS Moodle in greater 
detail, especially its plugins that are originally oriented to 
LA. In Section 3, we will present some papers in which 
student behavior has been analyzed using LA. Finally, in 
Section 4, we will present the most exciting results from 
the log file analysis of several courses at the Faculty of 
Organization and Informatics of the University of Zagreb. 
II. THE LMS MOODLE AND LA PLUGINS 
As said earlier, the LMS Moodle is one of the most 
used LMS in practice. Moodle is organized through 
plugins that represent specific activities and extra features 
that can be added to the fundamental feature of the 
Moodle: courses. The most used Moodle plugins, which 
come with basic Moodle installation, are Assignment, 
Attendance, Choice, Lesson, Page, Quiz, URL, Workshop, 
Folder, File, Glossary, SCORM Package, Feedback, and 
Database [16].  
Here are some of the plugins that can be used in terms 
of LA (Moodle 2.9): Logs, Activity, Activity Completion, 
Live Logs, (Quiz) Statistics, (Course) Participation, 
Survey, Course Overview, Course Completion Status, 
Progress Bar, Events List, Activity Results Block, 
Configurable Reports, (Gradebook) Overview, Ad-hoc 
Database Queries, Engagement Analytics, Course 
Dedication, Graph Stats, GISMO, and Graphical 
Interactive Student Monitoring [17]. The current version 
of Moodle (3.4) includes the plugin Inspire Analytics. One 
of the most exciting features of this plugin is a model that 
predicts students who are at risk of non-completion 
(dropping out) of a Moodle course, based on low student 
engagement [18]. 
Additionally, there is always an option to develop your 
own plugin or adjust an existing one. One LA plugin 
contributed by external contributors is the SmartKlass™ 
Learning Analytics Moodle. Some of the features of this 
plugin include the identification of students lagging behind 
and the identification of students for which course content 
is not challenging enough [19]. If heatmap analysis 
needed, the plugins MAV [20] and Heatmap [21] can be 
helpful.  
 There are many other plugins available online, but 
before installing any of them, a more in-depth analysis is 
recommended. Plugins are installed on the level of the 
server, so it might be inappropriate to install a new plugin 
on a specific site if only 1% of the site managers and 
teachers will use it. Still, the analysis of log files can 
always be done. 
III. RELATED WORK 
Components of LMS offer various opportunities for the 
improvement of student learning and, accordingly, can 
impact students’ final grades [22]. An LMS stores data 
about participants’ actions in log files, which gives 
researchers information about student behavior. A log is a 
list of a students’ events in which each line contains a time-
stamp as well as one or more fields that hold information 
about the activity performed [23]. A Moodle log consists 
of the time and date it was accessed, the Internet Protocol 
(IP) address from which it was accessed, the name of the 
student, each action completed (i.e., view, add, update, or 
delete), the activities performed in different modules (e.g., 
the forum, resources, or assignment sections), and 
additional information about the action [23]. The stored 
data can be useful for data mining algorithms.  
Romero, López, Luna and Ventura  [24] noticed a trend 
toward the combined use of data mining learning 
techniques for the analysis of activity data. Having the data 
in an LMS provides various opportunities for the use of 
data mining methods to examine them [25]. Data mining 
can be useful to explore, visualize, and analyze data with 
the aim of identifying useful patterns in order to 
understand students’ learning behavior and feedback. 
Teachers can then use this information when designing 
instruction and delivery. Data mining includes tasks and 
methods concerning statistics, visualization, clustering, 
classification, association rule mining, and sequential 
pattern mining [26]. Baker and Yacef [27] also recognized 
data mining as a promising field for the exploration of data 
from computational educational settings. Romero, 
Ventura, and García [28] describe the process of mining e-
learning data step by step, with the guidelines about how 
to use data mining techniques for mining Moodle data. 
Kazanidis, Valsamidis, Theodosiou, and Kontogiannis [29] also 
proposed a platform-dependent framework for processing 
and analyzing data from LMS. Their framework consists 
of three steps: logging the data, data pre-processing, and 
data mining. Mainman and Rokach [30] divided data 
mining techniques for educational data into two groups: 
verification-oriented techniques (which rely on traditional 
statistics such as hypothesis tests, the goodness of fit, and 
the analysis of variance) and discovery-oriented 
techniques (which rely on prediction and description, such 
as classification, clustering, prediction, relationship 
mining, neural network, and web mining). Many authors 
have reported highly accurate predictions using different 
classification algorithms such as C4.5, EM, Naïve Bayes, 
and support vector machines [24]. 
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Research in this area has recently become very 
significant. The key components of this literature review 
are the data and methods (tools and techniques) used to 
explain student behavior in LMS. A brief overview is 
presented in the following subsection, in which we cite the 
most current articles on the given topic. Cocea and 
Weibelzahl [31] identified learner motivation as a key 
factor in the quality of learning. One aspect of motivation 
is engagement. Thus, they analyzed 10 attributes related to 
pages, tests, hyperlinks (number of hyperlinks, average 
time), and glossary (number of times accessed, average 
time). Mogus, Djurdjevic, and Suvak [32] examined data 
(activity logs) obtained by students to detect the 
frequencies and priorities of students’ choice of activities 
in the LMS. Their research aimed to determine whether 
students’ activity logs correlate with their final marks. 
Observed activities included course view, assignment 
view, resource view, forum view, assignment upload, 
project upload, and final mark. The highest influences on 
students’ marks were assignment view, course view, 
forum view, and resource view. The authors concluded 
that those four activities particularly influence learning 
effectiveness. The lowest number of logs were found to be 
the activities concerning forum view and discussion view. 
This suggests a need to encourage students to engage in 
communication within LMS. The authors’ suggestion for 
future research includes reviewing a broader range of 
factors, a larger sample of students, a higher number of 
courses, and a greater range in the types of courses 
evaluated by studying students from different disciplines 
to investigate the influence of participants’ gender. 
Jovanovic, Vukicevic, Milovanovic, and Minovic [33] 
defined a classification model to predict whether a student 
would achieve excellent performance in a course. They 
defined clustering models that would detect groupings of 
students with respect to their overall performance and used 
a k-means clustering algorithm adapted for use over 
categorical data. Models were based on the following data: 
number of quizzes passed or failed; number of messages 
sent or read on the forum; total time spent on assignments, 
quizzes, and forum; and final mark obtained by the student 
in the course. Kotsiantis [34] used regression techniques to 
predict students’ marks in a distance learning system. The 
stored data (virtual courses and e-learning log file) were 
shown to be useful in predicting marks. In 2013, 
Kotsiantis, Tselios, Filippidi and Komis [35] investigated 
ten different variables related to the students’ activities: 
assignment_view, course_view, forum_add_post, 
forum_view, glossary_view, questionnaire_view, 
resource_view, user_view, and final course grade. Bovo, 
Sanchez, Heguy, and Duthen [36] grouped students by 
mining Moodle log data. The first objective was to define 
relevant clustering features. The second objective was to 
determine whether their students showed different learning 
behaviors. Their application uses data mining and machine 
learning methods to solve the problem of monitoring 
students in e-learning. Data used in the research consisted 
of login frequency; the last login time; time spent online; 
the number of lessons read and downloaded; the number 
of quizzes, crosswords, and assignments completed; the 
average grade obtained; and the number of forum topics 
read and created. 
Recently, Gašević, Dawson, Rogers, and Gasevic [37] 
investigated the extent to which instructional conditions 
influence the prediction of academic success in a blended 
learning model. Variables from the LMS included 
information about the usage of the following Moodle 
features: forums, course logins, resources, assignments, 
book, quizzes, feedback, lessons, and chat. The data 
represented the number of times students used a particular 
feature. Compared to forums, course logins, resources, and 
assignments, features such as quizzes, feedback, lessons, 
and chat were not accessed by a substantial number of 
students. These were dichotomized into “accessed” and 
“did not access” categories. Statistical analysis included 
ANOVA, Chi-square test, and linear regression to explore 
the association between students’ online interactions and 
students’ marks. 
IV. RESEARCH DESCRIPTION AND RESULTS 
In this section, we present a case study of a Moodle 
course log collected from an actual class. This study 
examines activity logs from when students log in to the 
course, with the aim of detecting frequencies and finding 
patterns in students’ choice of activities. The study aims to 
detect the relationship between the observed variables and 
students’ final grades. The objective is to find out the 
impact of a particular activity in an LMS on a final grade. 
The following two research questions are posited: RQ1: To 
what extent are individual variables derived from log data 
a reliable predictor of academic success? RQ2: What is the 
level of similarity in student LMS usage between genders? 
To answer these research questions, a Moodle course log 
was collected after the spring semester of a blended course 
called "Business Decision Making". A total of 73 students 
registered with Moodle, and 180-minute teaching lectures 
and seminars were held every Wednesday. 
Fig. 1 shows the distribution of logs by the overall 
grade students achieved in the course. The highest number 
of logs is achieved by the students with the highest grades, 
4 and 5. To investigate if there is any correlation between 
specific activities on the LMS and student grades, we have 
performed correlation analysis. 
 
Figure 1. Frequency of logs by grade 
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TABLE 1. CORRELATION BETWEEN VARIABLES (*P < 0.05) 
Variable Grade File 
usage 
Forum 
usage 
Link 
usage 
Assignment 
uploads 
Grade - 0.35* 0.18 -0.01 0.08 
File usage 0.35* - 0.41* 0.05 0.19 
Forum 
usage 
0.18 0.41* - 0.13 0.38* 
Link usage -0.01 0.05 0.13 - 0.09 
Assignment 
uploads 
0.08 0.19 0.38* 0.09 - 
 
Table 1 examines correlations between achievement 
over the span of the course (measured by grades) and effort 
in files, forums, and link usage, as well as the assignments 
uploaded. The results indicate a statistically significant 
correlation among students’ grades and the opening of 
files. The correlation is positive, which indicates that 
students with a higher frequency of file openings have 
higher grades. There is a lack of association between 
grades and other logs in the course. File opening is 
correlated with activities on the forum, demonstrating that 
students who are active in forum discussions opened files 
more often. 
We have also examined students’ activity by gender 
(Fig. 2). Female students have a higher number of logs 
than their male colleagues. Differences between genders is 
also visible in the average grade received. Female students 
have a higher average grade than male students. 
According to experience of teachers of the course 
currently being studied, students often complete their 
assignments (e.g., write essays, answer questions, or study 
for exams) in the last moments before a deadline. The idea 
of next analysis is to determine the distribution of students’ 
logs on the system on the days before the two exams. 
 
Figure 2. Analysis by gender 
 
Figure 3. Distribution of logs per week 
Fig. 3 presents the number of logs from the 1st to 21st 
week of the course. The 8th and 16th week of classes are the 
weeks during which tests were performed. The first test 
was held on 04-19-2017 (the 8th week of the course), and 
the second was held on 06-14-2017 (the 16th week of the 
course). We studied only these two weeks, and 
specifically, only the two days on which the tests were 
held. Weekly analysis showed that the highest number of 
logs appear on the day before test days. 
Fig. 4 indicates course logs related to the days before 
test days. Page views occurred mostly between 17:00 and 
20:00 on the day before the first test day (04-18-2017) and 
between 15:00 and 16:00 on the day before the second test 
day (06-13-2017). In both cases, there is a significant 
number of logs in the late hours of the day. During these 
times, the most students downloaded test materials and 
started to study. However, course activity during the late 
hours is more conspicuous for the first test than it is for the 
second.  
 
Figure 4. Distribution of logs on the days before exams 
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Similarly, the time-focused analysis results for the 
whole course period level are presented in Fig. 5. It shows 
the hours of the day during which students were logged 
into the course, and the opening is concentrated from 11:00 
on. During the afternoon, a number of logs persist, but this 
decreases in the evening. In the period after the midnight, 
there is no activity on the e-course. However, this does not 
mean that students were not active on the course—some 
may have performed an offline assignment after 
downloading it earlier.  
Figure 6 presents an analysis of students’ activities 
with respect to the grade they achieved and the day in the 
week. Surprisingly, for the students with the highest grade, 
most of the course activity was done on the day before 
lectures, seminars, and tests. 
 
Figure 5. Distribution of logs per day hours 
V. CONCLUSION 
Our results are potentially beneficial in the early 
detection of students experiencing difficulties in a course. 
Both teachers and students benefit from this kind of 
research, as teachers can identify excellent students for 
collaboration and students find out how to give greater 
effort to obtain good results. 
In the conducted research, the female students are more 
active and successful in the course than are the male 
students. There is a correlation between the number of logs 
in the e-course and the final grades. The students were 
most active in the test weeks and, specifically, on the day 
before the tests. Students can be characterized as “last-
minute” students, as they perform their obligations as late 
as possible in terms of the deadline and are active in the 
late hours. However, this cannot be generalized because 
the research was conducted in only one course. Also, the 
research covered only informatics students. In future 
research, the analysis will be performed across several 
courses. Additionally, students from other disciplines, not 
only informatics, will be included in future research. 
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